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Abstract
There are many reasons why a compliant robot is expected to perform
better than a rigid one in interaction tasks, which include limitation of
interaction forces, resilience to modeling errors, robustness, naturalness
of motion, and energy efficiency. Most of these reasons are apparent
if one thinks of how the human body interacts with its environment.
However, most of the work in robotic planning and control of interaction
has been traditionally developed for rigid robot models. Indeed, planning
and control for compliant robots can be substantially harder.
In this thesis, I propose the point of view that the difficulties encoun-
tered in planning and control for soft robots are at least in part due to
the fact that the same approaches previously used for rigid robots are
used as a starting point and adapted. On the opposite, if new methods
are considered that start from consideration of compliance from the very
beginning, the planning and control problems can be of comparable dif-
ficulty, or even substantially simpler, than their rigid counterpart. I will
argue this thesis with two main examples.
The first part of this thesis presents a new approach to integrate mo-
tion planning and control for robots in interaction. One of the peculiari-
v
ties of interaction tasks is that the robot limbs and the environment form
”closed kinematic chains”. If rigid models are considered, the dynamics
of robots in interaction become constrained, and Differential Algebraic
Equations replace Ordinary Differential Equations, i.e. typically a much
harder problem to deal with. However, in the thesis I show that this is not
necessarily so. Indeed, consideration of compliance allows to have a more
tractable mathematical model of interacting systems, and to introduce
more sophisticated control approaches. Specifically, we present a novel
geometric control scheme under which for constrained robot systems we
achieve decoupled interaction control (i.e. make position errors irrelevant
to force control, and viceversa).
Based on this result, it is possible to decouple the planning problem in
two separate aspects. On one side, we make dealing with motion planning
of the constrained system easier by relaxing the geometric constraint, i.e.
replacing the lower–dimensional constraint manifold with a narrow but
full-dimensional boundary layer. This allows us to plan motion using
state-of-the-art methods, such as RRT*, on points within the boundary
layer, which we can efficiently sample. On the other side we control inter-
action forces, i.e. forces generated by displacements in the perpendicular
direction to the tangent space of the constraint manifold. Thanks to
the (locally) noninteracting control characteristic of our scheme, the two
controllers can be applied separately and in sequence, so that the interac-
tion force controller can correct for any discrepancies resulting from the
boundary layer approximation used in the constrained position controller.
The geometric noninteracting controller can be applied both in sim-
ulation for planning, and in real time for execution control. Moreover,
while it does rely on considering a model of compliance in the system, it
does not make any assumption on the amount of compliance in the sys-
tem - or in other words, it applies equally well to stiff but elastic robots.
vi
The final outcome of the two-stage planner is an effective (possibly opti-
mal from RRT*) trajectory that satisfies constraint with arbitrarily good
approximation, asymptotically rejecting perturbations coming from sam-
pled displacements.
The second part of this thesis is dedicated to study grasp planning for
hands that are simple – in the sense of low number of actuated degrees of
freedom – but soft, i.e. continuously deformable in an infinity of possible
shapes through interaction with objects. Once again, the use of such ”soft
hands” brings about a change of paradigm in grasp planning with respect
to classical rigid multi-dof grasp planning, which only apparently makes
the problem harder. However, in this thesis I show that thanks to the
correct combination of compliance and underactuation of soft hands, to-
gether with the set of all possible physical interactions between the hand,
the object and the environment, the grasping problem can be redefined.
The new definition includes the possible combination of hand-object func-
tional interactions which I address as ”Enabling Constraints”. The use
of Enabling Constraints constitutes a rather new challenge for existing
grasping algorithms: adaptation to totally or partially unknown scenes
remains a difficult task, toward which only some approaches have been
investigated so far. In this thesis I present a first approach to the study
of this novel kind of manipulation. It is based on an accurate simulation
tool and starts from the considerations that hand compliance can be used
to adapt to the shape of the surrounding objects and that rather than
considering the environment as and obstacle to avoid, it can be used in
turn to functionally shape the hand. I show that thanks to this function-
ality the problem of generating grasping postures for soft hands can be
reduced to grasp basic geometries (e.g. cylinders or boxes) in which the
geometry of the object can be decomposed.
vii
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Introduction
From the observation of human body when it is interacting with the en-
vironment, roboticists have realized that compliance is a key factor to
develop robotic systems robust to environment interactions. Indeed, in
recent years the design and development of compliant systems has in-
creased. There are many examples including – but not limited to – Va-
riable Stiffness Actuators (VSA) [1], robotic hands like the PISA/IIT soft
hand [2], robotic arms like the DLR Hamd-Arm system [3] and humanoid
robots like COMAN [4] and the ones recently presented in the DARPA
Robotics Challenge, see Figure 1.1.
Besides mimicking the muscle actuation of human body there are
many reasons why compliant robots, recently addressed as ”soft robots”,
are expected to perform better than a rigid one in interaction tasks, which
include limitation of interaction forces [5], resilience to modeling errors [6],
naturalness and safety during motion [7], and energy efficiency [8]. While
most of the attention has been focused in embedding compliance in the
robot structure [4] or include it via the motor controllers [9], methods
to plan motions for robots are still being developed for rigid structures.
1
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(a) VSA-HD (b) KUKA Arm (c) DLR Hand-Arm
(d) COMAN (e) WALK-MAN (f) Pisa/IIT Soft Hand
Figure 1.1: Example of compliance systems developed recently. All this robotic
systems are intrinsically compliant with the exception of b) which includes the
compliance via the control loop.
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Figure 1.2: Example of a manipulation system inspiring this work. The system is
composed by VSA and soft hands and is made for object manipulation.
The main reason is that planning and control for robots in interactions
is harder because the space describing robot interactions combines force
and velocity/position spaces, which are objects from different physical
meaning and geometric natures [10].
Introducing compliance in the system allows to establish a dynamic
relation among the mentioned spaces, then analyzing the functional con-
trollability of the system it is possible to find basis for the set of subspaces
describing the allowable rigid body motions and interaction forces that
the system can execute.
In this thesis, under the consideration that the existent of compliance
in the system and that the robot is interacting with its environment, I
exploit compliance to make a link between motion planing and execution.
The algorithms developed in this thesis are inspired by manipulation sys-
tems where soft robots are involved, such as the one in Figure 1.2, but
not limited to.
Taking advantages of the compliance in the systems and the already
mentioned benefits that it brings for the mathematical modeling. I show
that if we start from the consideration that the system is not totally
3
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rigid, the motion planning and control problems for soft robots can be
of comparable difficulty, or even simpler than their rigid counterpart. I
demonstrate this fact with two main examples.
1.1 Motion planning and control on manifolds
The first example presented in this thesis is dedicated to motion planning
and execution of multiple robots manipulating objects. The problem
with this kind of systems is that the interactions between robots and
objects form close kinematic chains which constraint the valid motion of
robots. There are many approaches to deal with this problem, most of
the solutions proposed so far separate the problem into a motion planning
phase and a control phase. In the first phase the objective is to find a
global path to connect two robot configurations while avoiding obstacles,
typically considering just kinematics. The second phase consists in the
development of a control law to include the dynamics of the system, to
adapt to uncertainties during modeling and to control the forces generated
during interactions.
Planning motions for robots while dealing with constraints imposed
by the task is known as constrained motion planning problem. The main
challenge to deal with is that constraints, such as closed kinematic chains,
limits the robot configurations to a lower-dimensional submanifold which
is described implicitly by the closed loop constraints. Optimization based
solutions have been proposed to solve this problem, however, most of them
are gradient descent-based approaches making them slow when working
on high dimensional spaces. On the other hand, while random sampling-
based approaches have been demonstrated to be a viable solution for
high dimensional spaces, the lack of an explicit parameterization of the
submanifold decreases their performance because the manifold is a zero
4
1.1 Motion planning and control on manifolds Introduction
measure set in the configuration space (CS). It means that the probability
of sampling a valid point living in submanifold is zero.
Existent algorithms to deal with closed kinematic chains are based
either in the decomposition of the chain in passive and active parts [11,
12], or in Jacobian-based projection of any random point in the the CS
to the submanifold [13, 14]. The first option is fast but bias solutions to
configurations that can be successfully closed, it translates the problem
to an inverse kinematic problem. Recently in [15], the authors proposed
an algorithm to generate unbiased samples for closed kinematic. The
second option is more general but projections increase the planning time.
A new faster approach was presented recently in [16] where the author
formulates the problem as an optimization problem and solves it with
recursive Hermite projections.
The common consideration of all the mentioned approaches is that
they relay in an p parameter which is considered as a tolerance for the
violation of any constraint. This violation can be considered a computa-
tional numerical error, so it is typically small (no grater than 1−4) and
is extremely helpful for the convergence of the algorithms. In this thesis
I show that it is not just helpful to computational considerations but it
has also a physical meaning.
Based on results mainly from control theory it is known that given
the geometric nature of the constraint submanifold, the configuration of
a robot manipulator under constrained motion can be described by two
subspaces. One subspace describes the valid motion that the mechanism
can execute while the second describes the generalized forces that the sys-
tem can exert on the constraint [10]. The drawback with this approaches
is that under the consideration of rigid models, they introduce Differ-
ential Algebraic Equations (DAE’s) replacing the Ordinary Differential
Equations (ODE’s), i.e. typically a much harder problem to deal with.
5
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In this thesis I show that considering compliant models allows to have
a more tractable mathematical model of interacting systems, and to in-
troduce more sophisticated control approaches. Based on results from
the literature [17], a consistent task specification is to regulate positions
along the constraint manifold, and forces in the complement - in other
terms, that a totally decoupled controller can be built that regulates the
two sets of outputs, at least in a locally linearized model. With the con-
sideration of compliance in the model, the constraints can be considered
as elastic elements, thus I can remove the constraint and allow for viola-
tions, represented by the parameter c, and then associate vincular forces
f = Kc where K can be interpreted as a suitable stiffness matrix.
In the first part of this thesis I show that if we start from the consid-
eration that there exist compliance in the system, the parameters p and
c can be considered the same. So once we know the physical limits of
our system, mainly the forces that it can tolerate during motion, we can
define the amount of the violation that can be considered in the planning
phase. Typically, in compliance systems such as the one in the Figure 1.2
where there is a big amount of compliance, the parameter p can be in-
creased thus simple approaches can be used to solve the motion planning
phase even if they does not generate a perfect plan.
1.2 Grasp planning for compliant hands
Another example where compliance is useful is in robotic hands. The
new generation of robotic hands called soft hands [18, 2] have compliance
embedded in the structure. This characteristic enable soft hands to take
advantage of environment interactions rather than avoiding them.
Despite some prematurely optimistic claims, the ability of robots to
grasp general objects in unstructured environments still remains far be-
hind that of humans. This is not solely caused by differences in the
6
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mechanics of hands: indeed, I show that human use of a simple robot
hand (the Pisa/IIT SoftHand) can afford capabilities that are compara-
ble to natural grasping. It is, once again, through the observation of such
human-directed robot hand operations that we realized how fundamental
in everyday grasping and manipulation is the role of hand compliance,
which is used to adapt to the shape of surrounding objects. Objects
and environmental constraints are in turn used to functionally shape the
hand, going beyond its nominal kinematic limits by exploiting structural
softness. I set out to study grasp planning for hands that are simple -
in the sense of low number of actuated degrees of freedom (one for the
Pisa/IIT SoftHand) - but are soft, i.e. continuously deformable in an
infinity of possible shapes through interaction with objects. After gen-
eral considerations on the change of paradigm in grasp planning that this
setting brings about with respect to classical rigid multi-dof grasp plan-
ning, in the second part of this thesis I present a procedure to extract
grasp affordances for the Pisa/IIT SoftHand through physically accurate
numerical simulations.
1.3 Thesis organization
After introducing in this chapter the problems for which I am proposing
solutions, in chapter 2 I will present a simple algorithm to plan mo-
tions for robot manipulators when their interaction with the environment
form closed kinematic chains. In this chapter I start from the consid-
erations that the constraint manifold can be relaxed to a narrow but
full-dimensional boundary layer. Then, random points are chosen in this
boundary layer with an effective biasing mechanism that has high prob-
ability of sampling points within the boundary layer. These samples are
then used as a basis for the application of RRT*, thus obtaining an asymp-
totically optimal plan in the boundary layer. Such plan however will not
7
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necessarily satisfy the task constraint, as it generates displacements with
respect to the constraint manifold. If used on a real compliant robot,
this plan would generate a motion that is approximately correct, but also
internal forces may appear, such forces are proportional to the displace-
ment from the manifold and depending on the robot and environment
combined stiffness.
As such interaction forces can be unacceptable, in the chapter 3 I
present a controller to filter the plan and regulate interaction forces to
zero (or a small value). I show that it is indeed possible to achieve this
regulation of internal forces without jeopardizing the plan. To build the
filter we adopted the geometric algorithm for the analysis of the out-
put functional controllability of general manipulation systems presented
in [17, 19]. Then, for a linearized model of the system, a parametrization
for a noninteracting control to regulate positions of the mechanism and
internal forces is presented.
Chapter 4 presents the integration of the approaches presented in
chapters 2 and 3. The result of this integrated approach is a trajec-
tory that satisfies constraint with arbitrarily good approximation, asymp-
totically rejecting perturbations coming from sample displacements. In
Chapter 4 I present a simple example to show the benefits of the approach,
and then a more complex bimanual manipulation example to show how
the algorithms performs in high dimensional configuration spaces.
In chapter 5 I present an algorithm to extract grasping poses for soft
hands, specifically for the PISA/IIT Softhand. The introduction of the
shift of paradigm to plan grasp for soft hands, the dynamic simulators
and experimental results are included.
Finally in Chapter 6 I present the conclusions of this thesis and future
research for its extension.
.
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Chapter2
Sample-based Motion Planning on
Manifolds
In robot motion planning, interacting with the environment is normally
considered a task to avoid, however in everyday tasks humans don’t do
that. Actually, simple tasks as opening a door, sliding an object on a
table and moving an object consist on taking advantage of the objects
and their constraints with the environment rather than avoiding touch-
ing them. In robotics solving the problem of generating motions is not
simple mainly because we need to face two main problems: 1) working on
high dimensional spaces, which make the problem difficult to solve it op-
timally, and 2) working under constraints such as closed loop kinematic
chains and force/torque limits. The first, is solved in an efficient way
by randomly sampling the configuration space (CS) of the robot. This is
possible thanks to the available explicit description of the CS. The second
problem is harder due the fact that an explicit description of the admis-
sible CS is not available. It means that not all random samples of the
CS can be considered as a possible configuration to explore. There exist
9
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some approaches to generate motions for robots under environmental con-
straints, particularly closed kinematic chains, which are based either on
the decomposition of the chain in a passive and an active part [20], or in
the projection of any random sample to the admissible CS [13, 14].
In this chapter I propose a new method to generate motions for robots
manipulators under closed . It is based on the relaxation of the constraint
to be able to randomly sample an augmented admissible CS. Then, us-
ing state-of-the-art algorithms as RRT* [21], I guarantee the convergence
of the algorithm to a path, connecting two points, which optimizes the
distance to the constraint at each point on it.
2.0.1 Planning with Closed Kinematic Chains - State of
the Art
Since the introduction of random sampling techniques for path planning,
a lot of advances have been made in this field. There exist two main
approaches in this topic, the first is the Probabilistic Roadmap (PRM)
and the second is the Rapidly-Exploring Random Tree (RRT) introduced
in [22] and [23] respectively. These two approaches were designed to plan
motions in high dimensional spaces, in fact they are normally applied in
the CS of robot manipulators. The major advances have been focused in
the improvement of these methods to mainly include heuristics to speed
up the planning time and bias the solutions to get preferred behaviors.
For example in [24] exploration and exploitation of CS is balanced for
fast convergence of the planners. In [25] the authors propose to include
different heuristics to bias the growth of the trees towards a preferred
part in the CS.
The last major contribution in probabilistic motion planing was pre-
sented in [21] where the authors studied the quality of the paths generated
by randomized planners. They proposed a modification of the RRT and
10
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PRM algorithms, called RRT* and PRM*, to generate better quality
paths. The completeness and sub-optimality of the solutions are guaran-
teed. Some improvements to speed up the solutions of this planner have
been proposed in [26] and [27].
The inclusion of constraints in random-sample based planners is an-
other research line in the area, for example 1) nonholonomic constraints
for mobile robots as summarized in [28], 2) task constraints where the end
effector has to maintain a desired orientation over the whole planned path
(for example a robot holding an object upright), [13], and 3) closed kine-
matic chains for cooperative robots or parallel manipulators [11]. The
latter is sometimes considered a particular case of 2). There is also a
research line to include dynamic constraints such as joint torque limits.
This planning techniques are called kinodynamic motion planning [29]. In
this work we will focus the attention to motion planing for systems with
tasks space constraints, particularly closed kinematic chains generated by
multiple robot object manipulation.
The main problem in motion planning for closed kinematic chains
is that the admissible CS of the robot is a nonlinear submanifold Mv,
described by the constraint equations, living in CS. Particularly, all ran-
domized planners include a function called Sample where a random point
in the configuration space is generated. In case of closed kinematic chains
the function Sample must return a random point on the aforementioned
submanifold. The probability to do this is 0 because the manifold is a
zero measure set in the configuration space [30].
Inspired by the combination of the state of the art robots, such as the
one in Figure 1.2 which have a compliant rather than a rigid structure,
and from the fact that force and position subspaces can be geometrically
decoupled as will be explained in chapter 3. In this thesis I propose a new
approach to generate motions for closed kinematic chains by transforming
11
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the lower dimensional submanifold into a narrow but fully dimensional
volume so that the probability of sampling a point randomly on it is not
null.
Due to computational considerations, in Jacobian projection based
methods, a threshold to decide whether a new configuration is already in
the manifold is defined by the user. This threshold can be considered also
as a relaxation which in this thesis is formally addressed as interaction
forces.
2.1 Problem Definition
Consider a configuration space M ∈ Rd that is a compact set of con-
figurations q. Let O ∈ M be the obstacle region and Mfree := M \ O
the configuration set free of obstacles. Introducing a kinematic constraint
C(q) = 0 that limits the robot configurations and hence motion, see Fig-
ure 2.1(b), we define a nonlinear submanifold in M as Mv := {q : q ∈
Mfree, C(q) = 0} to describe all configuration where none of the links of
the mechanism collide neither with objects in the environment not with
other links and satisfy the constraint. The motion planning problem is to
find a continuous path σ : [0, 1]→Mv with {σ(0) = qinit, σ(1) = qfinal}.
As mentioned, the main challenge in applying sampling based motion
planning algorithms to closed kinematic chains is that the probability of
getting a random point laying on the submanifold Mv is zero.
2.1.1 Relaxing Constraints
In this thesis I consider systems with compliance, it is introduced in
the planning phase as a parameter to relax the constraint and to obtain
C(q) ≤ . In the case in which the constraint is violated a proportional
force fh arises between the two parts in contact. With the inclusion of
12
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q2
q3
q1
(a)
q2
q3
q1
C(
q)
 =
 0
(b)
Figure 2.1: Differences of motion planning problem without constraints (a) and with
constraints (b). Initial position qinit in blue, final position qfinal in red and Planned
path in green. Constraint C(q) = 0 in baby blue.
q2
q3
q1
Figure 2.2: Motion planning problem under relaxed constraints. Initial position qinit in
blue. Final position qfinal in red. Planned path in green. Constraint C(q) in baby blue.
the parameter  the submanifold describing the relaxed constraint can be
considered as a space with the same dimension of CS. Thanks to this
we can use rejection techniques to randomly sample the CS valid, now
defined as Mr := {q : q ∈ Mfree, C(q) ≤ }, and thus speed up the
planning process. Now the planning problem is to find a continuous path
σ : [0, 1]→Mr, with, {σ(0) = qinit, σ(1) = qfinal}. This relaxed problem
is graphically described in Figure 2.2.
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2.2 Randomized Planning Algorithm
The random based-sampling algorithm used in this thesis is the soft-
RRT* reported in the algorithm 1. The difference with the original RRT*
algorithm is that instead of just checking for collision we also check if the
new configuration is inside the relaxed constraint.
Algorithm 1 T = (V,E)← soft-RRT*(xinit)
1: T ← InitTree();
2: for i = 1 to N do
3: xrand ← Sample(i);
4: xnearest ← Nearest(V ,xrand)
5: xnew ← Steer(xnearest, xrand)
6: if Constraints(xnearest, xnew) then
7: Xnear ← Near(T , xnew)
8: xmin ←BestParent(Xnear, xnew)
9: T ← T ∪ (xnew,xmin)
10: T ← Rewire(T , Xnear, xnew)
11: end if
12: end for
13: return G = (V,E).
The main functions use in the Algorithm 1 are
 in function Sample, a configuration xrand is generated using the
algorithm presented in section 2.2.1, which converges to a uniform
distribution of random points within the boundary layer.
 function Nearest returns the (previously sampled) configuration
xnearest closest to xrand.
 function Steer connects two configurations if possible otherwise a
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configuration xnew is obtained as in RRT*. In this work we are using
simple interpolation in joint space as a local steering procedure.
 Near function returns a set Xnear containing points which are inside
a ball centered on xnear. For details on the parameterization of the
ball the reader can refer to [21].
 The main difference with the original RRT* algorithm is in the
Constraints function. In our case this function includes not only
collision checking but also the validation of the configuration xnew
to be in the boundary layer. In this function the constrained opti-
mization problem described in the subsection 2.2.2 is solved
 BestParent function select the best configuration xmin ∈ Xnear to
connect with xnew.
 Function Rewire rearrange the tree if one of the configurations on
Xnear could be better connected to the tree passing through xnew.
The cost function to optimize in the soft-RRT* is described by the
euclidean distance in the CS.
2.2.1 Biased Random Sampling
The first step in randomized path planners is performed in the function
Sample and it consists on generating a new sample in M. Typically,
random configurations are taken using a uniform distribution to explore
equally all regions in CS. Doing the same in our problem, the probability
of getting a new point in Mr can be computed as
ρ = volume(Mr)/volume(M), (2.1)
where the volume of M is defined by the mechanism, more precisely
by the range of motion of all joints. On the other hand, the volume
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(a) (b)
Figure 2.3: Graphical explanation of the difference of using a) uniform distribution to
sample M and b) applying the algorithm presented in [31] to bias new samples to Mv.
Mr is proportional to the relaxing parameter . As a consequence, the
probability of getting a new point goes to 0 as  approaches 0, in other
words it means that bigger is , higher the probability of getting a new
configuration in Mr.
In practice, the parameter  is associated with internal forces fh =
K where K can be interpreted as a suitable stiffness matrix resulted
from contact and joint stiffness. Hence, the parameter  depends on the
compliance in the system and is limited by the user defined bounds for
the forces fh.
It is evident that if  is small most of the new samples will be rejected
in the Constraints function because they are not in the relaxed con-
straint. To minimize the impact of this fact, in the soft-RRT* we used
the algorithm presented in [31] which builds an adaptive k-d tree to bias
the random sampling procedure to converge to a uniform distribution
not in M but in Mr. This algorithm works building a data structure to
collect information about whether previously generated samples were or
not in the valid space, then this information is used to generate futures
samples with higher probability of being in the valid space. This idea is
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graphically presented in the Figure 2.3.
2.2.2 The Equilibrium Manifold
Since we are doing planning for robots interacting with a grasped object,
we need to guarantee that those interactions are safe for both, the robot
and the object. During interactions it is necessary to ensure that the con-
tact forces remain between the minimum and maximum values allowed,
and within the friction cone. As discussed in [17], the fine contact force
management can be assured at control time, without affecting the perfor-
mance of the object motion. This property of the system is exploited here
to speed up the planning algorithm for closed kinematic chains. Here, in
fact, the contact force values are admitted to vary in a certain range, as
we are going to explain, also without the necessity of considering contact
limits leaving this task to the controller.
For later use, let us define ph ∈ Rc as the vector describing the mutual
configuration of the contact points on the robots and on the object to be
manipulated. Considering the closed loop constraint, for planning pur-
pose I should randomly choose joint configurations q such that ph = 0.
Conversely, relaxing the closed loop constraint, it is possible to admit
vector values such that ph < . Considering virtual springs at the con-
tacts, whose characteristics are described by the contact stiffness matrix
Kc ∈ Rc×c, the contact forces between the robot and the object can be
described as fh = Kcph ∈ Rc. It is worth stressing the fact that admis-
sible values for the planner fh < Kc can violate contact limits. As a
consequence, also negative forces (within a certain limit defined by the
vector ) can be considered acceptable for the planner, as well as tangen-
tial forces out of friction cone limits.
The equilibrium of the robot/object system can be assured if the
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following relationships are satisfied
w +Gfh = 0, (2.2)
τ − JT (q, u)fh = 0, (2.3)
fh −Kcph = 0, (2.4)
τ −Kq(qr − q) = 0, (2.5)
where w ∈ R6 is a possible external wrench acting on the object, G ∈ R6×c
is the grasp matrix of the system. The vector u ∈ R6 parametrize the
configuration and the vector τ ∈ Rd collects the joint torques. For the
sake of generality, eq. (2.5) was introduced to consider the possibility of
having also compliance at the joint level, where the joint stiffness matrix
Kq ∈ Rd×d and the joint reference configuration vector qr ∈ Rd were
used. The system of equations composed by (2.2), (2.3), (2.4) and (2.5),
compactly written as Φ(ϕ) = 0 ∈ Rc+2d+6, where ϕ ∈ Rc+3d+12 is a vector
collecting all the system variables, describes the equilibrium manifold of
the system. From recent results in grasp analysis, extensively discussed
in [32] and in [33], it follows that it is valid to parametrize the equilibrium
manifold with the variables w and qr (or q if there is no elasticity at the
joints). In other words, in case of no external wrench acting on the object,
w = 0, the joint reference configuration is sufficient to define the value
also of q, u, τ , fh and ph. Given qr all the other variables can be found
solving the problem
min
q,u,fh,τ
ΦT (ϕ)Φ(ϕ). (2.6)
Once the variables u, q, τ and fh are found, they can be used in the
soft-RRT* to check for collisions and bounds of interaction forces.
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2.3 Simulations
In this section I show simulations results of the motion planning method
presented in this thesis. As an example I consider a two finger planar
hand with two degrees of freedom in each finger, see Figure 2.4.
Figure 2.4: The two finger hand used for the presented example. Object position are
represented by u, the fingers configurations are q = {q1, q2, q3, q4}, the reaction torques
are τ = {τ1, τ2, τ3, τ4} and contact forces are fh = {f1, f2}.
This systems has 7 degrees of freedom in total, 2 joint positions for
each robot and 3 to represent the position of the object in the space.
For planning purposes I’m just randomly sampling the joint positions,
consequently the object positions are generated solving the equilibrium
manifold equations. Algorithms have been implemented in C++ and use
ROS for visualization purposes. All tests were performed in a 2.4Ghz
quad-core computer with 3Gb of RAM memory and Ubuntu 14.04 oper-
ative system. Figure 2.5(a) shows the starting position and Figure 2.5(j)
shows goal position of the hand, the objective is to find a path connecting
this two points avoiding the static spherical obstacle in green and main-
taining the contact forces within . Figures 2.5(b) to 2.5(i) show some
snapshots of the planned path resulting from the execution of algorithm 1,
it can be observed how the hand avoids the obstacle. Interaction forces
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(a) (b) (c) (d)
(e) (f) (g) (h)
(i) (j)
Figure 2.5: Final path from the presented experiment. a) Initial position and j) final
position.
arising from the planning phase, which in the case of the 2D example
presented in this section are normal to the contact constraints and with
magnitude proportional to , are shown in Figure 2.6. Notice that the
relaxation parameter  is never overtaken.
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Figure 2.6: Normal contact forces (blue) resulting from the relaxation of the
constraint during planning. The maximum allowed forces  are in magenta.
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Chapter3
Force/Position Control for Closed
Kinematic Chains
After the planning problem is solved a proper controller able to let the
robot follow the planned path must be determined. The main challenge
comes from the fact that the closed kinematic constraint has been re-
laxed, so undesired contact forces arise from interactions, a graphical
example is shown in Figure 3.1(a). The real-time controller must ensure
that the nominal constraint is satisfied during the whole execution, see
Figure 3.1(b). Indeed, if only the relaxed constraint is verified, the ob-
ject handled by the robot does not fall but can be damaged by possible
high squeezing forces. On the other hand, whenever the nominal closed
kinematic constraint is verified this can not occur.
The problem that arises when relaxing constraints is that from the
point of view of implementation, the constraint violation can be danger-
ous, see Figure 3.2, since undesirable interaction forces may be indirectly
induced into the system. In this chapter we introduce a control law to
overcome this problem.
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(a) Undesired forces arising from
planning on the relaxed contraint
(b) The task of the controller is to
project the undesired forces back to
the manifod
Figure 3.1: Lateral view of the relaxed constraint. In green are the pushing and
pulling forces against the constraint. The black dots are the nodes extracted from the
tree generated by the soft−RRT ∗.
3.1 Hybrid Control
In order to address the problem of regulating contact forces and, at the
same time, executing the planned path, a force/position controller can
be implemented. There are many control approaches to do that, for ex-
ample in [34] an adaptive hybrid control scheme for multiple geometric
constraints based on the joint-space orthogonalization method (JSOM)
is proposed, in [35] the authors propose a general framework for multi-
contact motion/force control. In both cases the main considerations is
that contacts are performed with rigid environments. However, new robot
developments, like soft robots, are designed to work in uncertain environ-
ments and compliant task spaces. A general analysis of manipulation
systems with general kinematics and compliant contact models is pre-
sented in [17] and complemented in [19]. The main result of the last two
contributions is a geometric description and an algorithm to provide a ba-
sis to describe the feasible motions that can be executed by the system,
and forces that can be controlled to avoid violation of the contact con-
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Figure 3.2: In this example the Kuka robot has to move from the initial to the final
configuration maintaining the contact with the plane (red object). The resulting path
from the soft-RRT* is shown in pink and the forces during motions in black arrows.
Forces that arise form the virtual violations of the contraint can damage either the
robot mechanism or the environment in case of rigid robots. This issue is addressed
by soft robots where compliance is included for safety.
straints, both in a decoupled way. In practice it means that it is possible
to control all object displacements given a fixed force reference and vice
versa, where the first is useful to correct the relaxations in the planning
phase.
3.2 Geometric Noninteracting Control
For force planning stage we are adopting a hybrid control scheme to reg-
ulate points along the constraint manifold and forces in the complement.
Consider a mechanism with n actuated joint variables q, and c con-
straints C(q) = 0. Let m denote the residual mobility of the system
(i.e., the no. of dof’s compatible with the constraints). Now consider the
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constraints as elastic elements, i.e. remove the constraint and allow for
violations C(q) ≤  and associate internal forces f = K where K can
be interpreted as a suitable stiffness matrix resulted from contacts and
joints stiffness. Looking at the space of internal forces that can be ac-
tively controlled by joint torques, let p be the dimension of self-balanced
(internal) forces, i.e. those which do not affect the overall position of the
mechanism.
3.2.1 The linearized model
The linearized model, with no disturbances, of the lumped parameter
compliant model for the multiple robot-object dynamics presented in [19]
is,
x˙ = Ax+Bττ
′ +Bωω, (3.1)
defined at the equilibrium configuration
x =
[
qTeq u
T
eq 0
T 0T
]T
τ ′ = τ − JT teq
ω = Gteq. (3.2)
Where qeq and ueq stand for the equilibrium joint positions and object
position respectively, J is the Jacobian of the contact points and G is
known as grasp matrix. Under the assumptions reported in the previously
mentioned work, the dynamics matrix A, joint torque input matrix Bτ ,
and external disturbance matrix Bω have the form
A =
[
0 I
−Lk −Lb
]
, Bτ =

0
0
M−1h
0
 ;Bω =

0
0
0
M−1o
 , (3.3)
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where
Lk = M
−1Pk; Lb = M−1Pb, (3.4)
M =
[
Mh 0
0 Mo
]
Pk =
[
JT
−G
]
K
[
J −GT
]
Pb =
[
JT
−G
]
Bq
[
J −GT
]
, (3.5)
Mh and Mo are the multiple-arm and object dynamic matrices. K and
Bq are the stiffness and damping matrices at the contact points.
We are interested in the combinations of states giving object positions
and internal forces as outputs, which can be respectively selected by ma-
trices Cu = [0 I 0 0] and Ct =
[
KJ −KGT BqJ −BGT
]
. The output
matrix is hence
C =
[
Γ+uCu
E+Ct
]
. (3.6)
Image space of matrices Γu consist of rigid body motions of the object
being manipulated while E is a base matrix for the asymptotic internal
forces.
For non-redundant mechanism, Theorem 1 in [17] states that m+p =
n. This means that the input-output representation of the minimal A-
invariant functionally controllable subspace of states is square. This im-
plies that it is possible to devise a linear controller that uses the n inputs
to decouple and control independently rigid motions in the constraint
manifold and internal forces in the complementary direction.
27
Control Force/Position Control for Closed Kinematic Chains
3.2.2 Noninteracting Control
The control objective is to project back to the constraint the motions
generated during planning phase, and at the same time regulate the in-
ternal forces in the mechanism. In practice it is useful to control each of
the outputs independently, meaning that the controller should be able to
regulate each of output without affecting the others. Finding a control
law where the input i affects just the corresponding output i is known as
noninteracting control. The procedure is to differentiate the output vec-
tor y = Cx until the control appears. In case of the output corresponding
to E+Ct = E
+[KJ −KGT BJ −BGT ], the control appears in the first
derivate
y˙ = CtAx+ CtBτ
∗
t
= CtAx+ E
+BqJM
−1
h τ
∗
t . (3.7)
For the output corresponding to the object motions Γ+uCt = Γ
+
u [0 I 0 0]
it is necessary to compute up to the third derivate. Indeed,
y˙ = CuAx+ CuBττ
∗
u
= CuAx+ 0τ
∗
u (3.8)
y¨ = CuA
2x+ CuABττ
∗
u
= CuA
2x+ 0τ∗u (3.9)
...
y = CuA
3x+ CuA
2Bττ
∗
u
= CuA
2x+ Γ+uM
−1
o GBqJM
−1
h τ
∗
u . (3.10)
Thus the corresponding output vector can be rewrite as
yˆ = Px+QBττ
∗ (3.11)
where yˆ = [
...
y u y˙t]
T ,
P =
[
CuA
3
CtA
]
and Q =
[
CuA
2
Ct
]
. (3.12)
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Concluding, for the system (3.1) , the control law
τ = −Q−1(Px+ τ∗), (3.13)
provides the output vector
yˆ = τ∗ = [τu τt]T . (3.14)
In other words the proposed control law is noninteracting since the rejec-
tion of position errors does not influence the force control and viceversa.
In this thesis, the control law presented in this chapter is used as a
filter to regulate interaction forces, generated by the relaxation of the
constraint manifold, while following the path generated in the planing
phase. Now the point is to merge the planner with the filter to find a
trajectory for the manipulation system.
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Chapter4
Integrating Planning and
Execution for Soft Robots
In previews chapters I presented a planning algorithm and a control al-
gorithm to plan and execute motions for compliant systems during inter-
actions. The common property of both algorithms is the consideration
of compliance in the system. In this chapter I show how they work if we
combine them in a common approach.
There are many alternatives to integrate motion planning and control,
recently this two problem have been combined in a unified optimization
problem [36], however, this approaches are local solutions and depend on
the initial solutions provided for the user. Global solutions have been pro-
posed using randomized techniques [29], they rely on the use of reduced
o linearized model of the system to connect any pair of sampled configu-
rations. They have been mainly used for mobile robots like quadrotors.
The whole motion planning and control approach presented in this
thesis is explained in Figure 4.1. It consist in first finding a free obsta-
cle path, withing the boundary layer, using the random sample-based
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Figure 4.1: Pipeline of the motion planning and control developed in this thesis
Pipeline of the constrained motion planning approach proposed in this
thesis. First the kinematic planning is performed in fully dimensional
boundary layer obtained from the  relaxed constraint. Then using the
noninteracting control the trajectory is projected to the constraint and
the interaction forces are regulated to zero.
planning approach presented in chapter 2. Then, the filter presented in
chapter 3 is applied to the path to project it back to the constraint man-
ifold and at the same time regulate the interaction forces. While this
two approaches seem to be decoupled, they are joined by the common
consideration of the compliance in the system.
4.1 Explanatory Example
In this section I present a simple but explanatory example which is de-
scribed in Fig. 4.2. It is a robotic hand composed by two fingers (each one
with one degree of freedom) holding an object. All valid configurations
are described by the following constraint manifold
C(q) = F1(q1)− F2(q2) = 0, (4.1)
where F1(q1) and F2(q2) stand for the forward kinematics of the fingers.
The dimension of the CS for this example is 2 while the dimension of
the state space for the linear system used in the second stage is 10. The
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Figure 4.2: Robotic hand used as an explanatory example
parameter defining the relaxation limits was  = 0.5. For this example
just stiffness at the contact points was considered. The outcome of the
fists stage is depicted in Fig. 4.3 where the k-d tree approximation of
the boundary layer is shown together with the path generated by the
algorithm 1.
For the second stage of the algorithm, we linearized the dynamic
model of the hand on the configuration qinit = [0 0] which is the same
starting position for the first stage. The output trajectory resulting from
the first and second stage are compared in Fig. 4.4. The maximum con-
straint violation in the first phase was 0.1486 while in the second part
was reduced to 0.00864.
4.2 Real Example
The second example is meant to evaluate the performance of the pre-
sented approach when working in high dimensional spaces. The systems
is depicted in Figure 4.5, it is composed by two 7 degrees of freedom arms
equipped with a PISA/IIT hand each one. The theory presented in this
thesis, specifically the non interacting controller, was developed for non
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(0,0)
q1
q2
(2π,0)
(0,2π)
(π,0)
Figure 4.3: This figure shows reconstructed boundary layer obtained using the
adaptive k-d tree, the sampling procedure converges to a uniform distribution in the
relaxed constraint.
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Figure 4.4: Comparison of forces resulting from the planned path in the first stage
and forces filtered in the control phase
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redundant manipulators so we are using just 6 degrees of freedom of each
arm. The interaction forces were estimated by the joint torque sensors
included in the arms.
The dimension of the CS in this example is 12, while the dimension
of the state space for the filter is 36.
Figure 4.5: Robot VITO from Centro E Piaggio at University of Pisa. This system
was used as an example of a high dimensional spaces.
The experiments were performed using a laptop computer with 8 Gb
of Memory and a i7-4558U CPU @ 2.80GHz × 4 processor. All codes were
developed in C++ under Ubuntu 14.04. Figure 4.6 show the initial and
(a) (b)
Figure 4.6: Initial (a) and final (b) configurations for the example 2.
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final configurations of the experiment. The first path generated by the
planner was at 4.32s of execution and was stopped at 10s. The filter took
2.33s to smooth each of the paths. The results are illustrated in Figure 4.7.
In the same Figure the trajectories resulting from different planning times
are shown, it is evident that the trajectory becomes smoother as the
planning time increases. In the same way the interaction forces generated
during the planning face approaches 0. It can be observed also in the
Figure 4.8 that forces are filtered and regulated to a desired reference
with the non interacting controller.
4.3 Observations
In this thesis I presented an integrated approach of motion planning and
execution for compliant robots under interactions. Theoretically, the in-
teractions constraint the valid motion of the system by reducing the CS
to a lower-dimensional submanifold. Even when theoretically there is not
a limitation in the constraint relaxation, in practice it is. There is a
probability of sampling points in the boundary layer but the probability
is still low which is more evident in high dimensional spaces. In practice
I observed that introducing in the planner average configurations reduce
dramatically the planning time. It suggests the use of motion primitives
such as synergies to reduce the search space of the planners and to help
to convergence.
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Figure 4.7: Snapshots of the experiment for the experiment using VITO robot. First
column shows the first trajectory generated by the planner at 4.32s. Second column is
the execution of the trajectory at 7s and the third column is the execution of the
trajectory at 10s.
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Figure 4.8: Comparison of forces resulting from the planned during the execution of
the paths extracted from the planner at 4.32s, 7s and 10s (row-wise). Fist column
shows the forces in x (blue), y (green) and z (red) axis. Second column shows the
torques in x (blue), y (green) and z (red) axis. The references for the interaction
forces for the noninteracting controller are all forces and torques 0
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Grasp Planning for Soft Hands
During the past thirty years, the problem of autonomous robotic grasp-
ing has been one of the most widely investigated. For well known scenes
and object models, pre-programming of autonomous grasping and ma-
nipulation tasks may be an option. Toward this goal, several approaches
have been proposed to define the optimal finger placement on the ob-
ject, either based on some geometric [37] or force [38, 39] grasp quality
measures, specifically tailored to convex objects [40], with optimal on-line
contact adjustments [41], and also generalized to non-convex objects [42].
Perhaps because of the fragility of the mechanics of most robot hands, a
multitude of the planning methods were thought for interactions between
the hand and the object that only occurred at the fingertips, limiting
contacts with other parts of the hand and avoiding contacts with the rest
of the environment at all.
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(a) Rigid Manipulation Paradigm (b) Soft Manipulation Paradigm
(c) Rigid Manipulation example (d) Soft Manipulation example
Figure 5.1: Paradigm shift in manipulation, from rigid manipulation (left) to soft
manipulation (right). Primary colors identify the scenario main actors: red for the
robotic hand, blue for the environment, green for the target object. Secondary colors
codify simple interactions between the actors: yellow for hand-object, cyan for
object-environment and magenta for environment-hand. Finally, complex
interactions, which involve all the three actors at the same time, are white colored.
Refer to text for a deeper description.
This “timid” approach to manipulation generated by rigidity and
fragility of the hand has been recently challenged by the introduction
of adaptable, underactuated and/or soft hands. Devices such as the un-
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deractuated RobotiQ hand [43], the RBO and RBO 2 hands [44, 18], the
iHY hand [45] and the Pisa/IIT SoftHand [2], are designed to be much
simpler, and much more robust with respect to the whole interaction
process.
This allows to use these hands in more “daring” interactions with
the objects in the environment, using their full surface for enveloping
grasps, and exploiting objects and environmental constraints to func-
tionally shape the hand, going beyond its nominal kinematic limits by
exploiting structural softness.
The differences between a rigid and soft approach to manipulation
are sketched in Figure 5.1. In the classical paradigm (cfr. panel (a)),
the planner searches for suitable points on the object that generate a
nominal grasp of good quality, and for trajectories that can bring there the
fingertips while avoiding contacts of the hand with the environment. In
the example of panel (c), to grasp the green cup while avoiding the wall on
the left the planner has to find a path in a narrow passage. However, soft
manipulation subverts this scheme (panel (b)). In the example of panel
(d), hand-object, object-environment and hand-environment contacts are
not avoided but rather sought after and exploited to shape the hand itself
around the object.
The set of all possible physical interactions between the hand, the
object and the environment, which define the hand-object functional in-
teraction, will be referred to as the set of Enabling Constraints. The
analysis of such possibilities constitute a rather new challenge for existing
grasping algorithms: adaptation to totally or partially unknown scenes
remains a difficult task, toward which only some approaches have been
investigated so far. Some of them are model-free and propose geomet-
rical features which indicate good grasps [46, 47], some others evaluate
also topological object properties such as holes [48]. Typically, grasps are
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ranked on a fixed list of suitable hypotheses, do not require supervised
learning, but do not adapt over time. Other methods are based on learn-
ing the success rate of grasps given some descriptor extracted from sensor
data, either evaluated on a real robotic system [49, 50], or on simulated
sensor data [51, 52].
Moreover, beside vision-based methods, hand compliance offers the
real possibility to use tactile exploration for 3D reconstruction of un-
known environments and objects. Tactile sensing can solve some severe
limitations of computer vision, such as sensitivity to illumination and lim-
ited perspective. As an example, a combined procedure based on dynamic
potential fields, that aims at reconstructing 3D object models, which are
then used for grasp planning and execution was presented in [53] and
recently extended in [54].
In this thesis, we consider planning grasps with hands that are simple
– in the sense of low number of actuated degrees of freedom, e.g. one
for the Pisa/IIT SoftHand – but are soft, i.e. continuously deformable
in an infinity of possible shapes through interaction with objects. We
present a first approach to the study of this novel kind of manipulation,
based on an accurate simulation tool for the SoftHand, developed using
the multi-body system software ADAMS [55]. A batch simulation set-up
was created and used to perform the automatic creation of a database
of grasp affordances for the Pisa/IIT SoftHand and a set of kitchenware
objects. The method is related to that followed with simulators such
as GraspIt! [56], Open-Rave [57] and OpenGRASP [58], although the
softness of the hand introduces a new vista on the problem.
To stress the differences between the rigid and soft manipulation
paradigms, Section 5.1 presents some of the benefits of using Soft Hands
to grasp objects. Section 5.2 recalls the mathematical model of the Soft-
Hand after which the simulation tool, presented in Section 5.3, has been
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Figure 5.2: A human hand grasping a cup with three different approaches (top panels)
and the same grasps reproduced with the Pisa/IIT SoftHand (bottom panels).
developed. Section 5.4 presents the automated simulation batch environ-
ment, that led to the results presented in section 5.5.
5.1 A New Set of Possibilities
By observing the way humans use their real hands, it is possible to realize
that, in everyday grasping and manipulation, the role of hand compliance
is fundamental. In the first place it is used to adapt to the shape of the
hand surroundings: both the target object and the rest of the environ-
ment. On the other hand, it is important to notice how the objects and
the environment constraints are used, in turn, to functionally shape the
hand, going beyond its nominal kinematic limits by exploiting its struc-
tural softness.
Although one could ascribe such levels of dexterity to the high levels
of sensory-motor capabilities of the human hand itself, it is astounding to
compare the performance of the human naked hand with that of a person
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Figure 5.3: The Pisa/IIT SoftHand mounted on an a human arm.
using a simple robot hand, as the Pisa/IIT SoftHand arm-mounted device
shown in Figure 5.3.
Thanks to its under-actuated mechanisms the SoftHand is capable
to grasp several number of objects by matching to their shape. These
combination of simplicity, adaptivity and robustness lets the person ex-
periment in a very natural way with the robotic hand, and soon achieve
a level of performance comparable, often similar, to that obtained with
their true hands. This achievement is obtained despite the presence of
just one degree of actuation on the mechanism and an almost total lack
of tactile feedback. Figure 5.2, shows three very different ways to grasp
a cup, implemented with both the naked hand and the SoftHand.
The SoftHand can substantially match the grasping performance of
the human hand thanks to its possibility of exploring and exploiting the
Enabling Constraints that define, at a very basal level, the problem of
grasping and manipulation.
As a further example, consider Figures 5.4, where the combined action
of adaptability and robustness allow the user to manipulate and interact
with both the environment and the object at the same time, in a complex
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Figure 5.4: A person with the arm-mounted SoftHand can seamlessly execute also
difficult manipulation tasks which involve combined interactions between hand, object
and the environment.
way (refer also to Figure 5.1). Exploiting all the physical constraints that
are external with respect to the hand itself: walls, surfaces and edges,
force closures of the object between the hand and the environment can
be obtained and used to generate simple and effective manipulation tasks,
in this case sliding and pivoting a book.
5.2 Model of the Pisa/IIT SoftHand
As an example of the new advantages introduced for the soft manipulation
paradigm, we investigate how to plan grasps for the Pisa/IIT SoftHand.
Figure 5.12 shows that despite the fact the hand is always driven by
the same closing command for any object, the final grasps are charac-
terized by different joint configurations, automatically obtained thanks
to the adaptability of the hand. The only variables needed to synthesize
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grasp remain those ones describing the wrist pose. In next sections we
will present a randomized investigation method, in order to discover sets
of hand/object configurations bringing to the grasp. As follows from pre-
vious discussions, the dynamic evolution of the system play a key role,
from the pre-grasp phase until a stable grasp is achieved. Hence, starting
from the kinematic model of the hand, extensively presented in [2], we
developed a dynamic simulation tool in ADAMS. The main equations to
be considered in the simulator come from the kineto-static model of the
Pisa/IIT hand, which can be described by the following
s = Rq, (5.1)
τ = RT η −Kqq. (5.2)
In eq. (5.1) variable s ∈ R describes the displacement of the extrem-
ities of the actuation tendon, while q ∈ R19 is the joint displacement
vector, comprising 5 revolute joints for the abduction movement, and 14
soft roll-articular (SR) joints for the flex/extension movement of the fin-
gers. The map between the two variables is the so called adaptive synergy
matrix R ∈ R1×19. From eq. (5.1), by kineto-static duality, eq. (5.2) fol-
lows, where η ∈ R is the motor torque, and τ ∈ R19 is torque vector at
the joint level. The joint stiffness matrix Kq ∈ R19×19 is introduced to
properly consider the effect of the joint elastic band on the net torque.
5.3 Simulator Implementation
After the CAD models of the parts composing the hand have been im-
ported, a virtual link is placed between the two real ones, Figure 5.5(a).
Each real part is connected to the virtual one by virtue of a revolute joint,
Figure 5.5(b). Finally, the coherence between the movements of the simu-
46
5.3 Simulator Implementation Grasp Planning for Soft Hands
lated SR joint and the real one is assured by introducing a gearwheel-type
constraint, Figure 5.5(c).
Figure 5.5: Implementation of the SR joint in ADAMS: a virtual link is introduced
between the two elements (a); a revolute joint connects the virtual link with each real
parts (b); a gear-wheel constraint is imposed between the two revolute joints (c).
In order to properly describe the behavior of the Pisa/IIT SoftHand,
it is important to take also into account: (i) the kinematic constraints
imposed by the tendon routing, (ii) the effects of the elastic bands at the
joints since, as follows from (5.2), both the terms contribute to the net
joint torques. The effect of the motor torque was introduced in ADAMS
by imposing the desired torque on each joint, considering both the mo-
tor torque curve versus time, and the adaptive synergy matrix R. The
contribution of the elastic bands is introduced in the model using the
ADAMS rotational springs. By properly tuning the damping term in the
ADAMS model of springs, the Coulomb friction at the joints is modeled,
this has also the the beneficial effects of avoiding unphysical oscillations
of the simulation if not present.
Regarding to Figure 5.1, the Enabling Constraints exploited in the
next set of simulations are contacts and reactions. It means that all
contact interactions among object, table and hand geometries are enabled.
In order to reduce the set of possible grasp configurations to explore, the
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inclusion of driving constraints is kept as a future work.
5.4 Batch Simulation Setup
In order to perform a large set of simulations for the Pisa/IIT SoftHand,
the ADAMS model was fully parameterized via a template script. Design
parameters like object inertia, contact parameters and joint stiffness and
friction, were properly chosen to mimic the real hand as closely as pos-
sible, they do not need to be modified during the simulation campaign.
The sole parameters to be modified are those defining the pose of the
hand with respect to the object. To this aim, and to keep the number of
simulations reasonably low, without sacrificing the quality of the results,
a certain strategy had to be devised.
The first strategy we attempted was an extensive investigation sam-
pling four of the six DoFs necessary to define the position and orientation
of the palm frame with respect to the object frame. More in detail, the
position of the origin of the palm frame was parameterized in spherical
coordinates (radius, azimuth and elevation). The normal to the palm
frame always points toward the center of the sphere which coincides with
the origin of the object frame. The remaining DoF is the rotation of the
hand frame around the normal. With this strategy a large number of at-
tempts were unsuccessful because, in the starting configuration, the hand
was either already interpenetrating the object, or excessively far from it.
In the first case, the simulation was skipped, because of the non-feasible
condition, while in the latter the object was out of reach or the ejection
of the object occurred. The main reason is that a sphere is not a good
generalization of many object geometries, such as a pot or a cup.
This suggested us to redesign the strategy taking into account the
geometry of the object, focusing the attention on the mesh describing the
shape of the object.
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Figure 5.6: A flow chart of the use of ADAMS and MATLAB for running batch
simulations. In MATLAB, a .cmd file is used to define the hand configurations in
which attempting the grasp. By loading this file in ADAMS, together with a .bin file
containing the object/hand model, we can obtain a file (.adm) for each configuration.
Running the .acf file, the .adm ones are read, performing the simulations in batch
mode. Simulation variables (joint angles, contact forces, etc...) are available in the
exit files (.msg, .res, .req, .gra) for post-processing operations.
The mesh of the object to be grasped was imported in MATLAB,
and the points of and the normal vectors to the surface were extracted.
For 50 randomly selected points of the mesh, the pose of the hand frame
was chosen positioning its origin 5 mm (coming from observations of real
experiments) outside the surface mesh along the outward normal. The
normal to the palm was aligned with the normal to the object at the point,
but with opposite direction (the palm always faces the object). Finally,
8 configurations were selected rotating the hand around its normal axis.
49
5.5 Simulation Results Grasp Planning for Soft Hands
The 400 palm configurations obtained were put on a test for achieving
a stable grasp. Figure 5.6 represents a scheme of the flow chart for running
batch simulations.
The results achieved after this first investigation step are represented,
for the case of the pot, in Figure 5.9, where green frames represent suc-
cessful configurations (stable grasp achieved), red frames the unsuccessful
ones. In order to evaluate if a grasp is stably achieved, all the simulations
were split into two parts. In the first part the object to be grasped lies on
a plane, orthogonal to the gravity vector, in order to hold it on without
over-constraining it. No contact was set up between the hand and the
table to do not preclude any possible approach direction. This simula-
tion part is three seconds long, that is approximately one second longer
than the time of free closure of the hand. Later, starting from the final
configuration of the first simulation and keeping active the hand motor
torque, a two seconds long simulation is performed removing the table.
Afterwards, the velocity of the object is read from the output files, and
the grasp is rated as achieved and stable if the velocity is smaller than a
tolerance value.
From the results of the first set of simulations, the points that brought
to a stable grasp were extracted, and their neighbourhood was further
investigated. This research was performed by randomly choosing 10 of
the 40 closest points on the mesh, around the successful one. For each
new point, again 8 rotations around the palm normal were considered to
attempt the grasp.
5.5 Simulation Results
The free closure movement of the Pisa/IIT SoftHand obtained with ADAMS
is shown in Figure 5.7. As explained in Sec. 5.3, the hand model consid-
ers both the tendon routing, eq. 5.1, and the elastic bands at the joints,
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eq. 5.2. The reader can find a deeper analysis about the kineto-static
model of the hand in [2].
In our simulation campaign we used everyday objects: a cup, a pot,
a colander and a plate, see Fig 5.8. For the cup example, Figure 5.9
shows: a) the points composing the object mesh, b) successful (green) and
unsuccessful (red) grasps configurations after the first 400 simulations, c)
the result for all tested hand postures and d) all successful configurations.
In order to validate the dynamic behavior of the simulator and to put
the obtained results on a test, some successful hand palm configurations
were also implemented with the Pisa/IIT SoftHand prototype. A KUKA
lightweight robot was used to exactly replicate the hand/object configu-
ration suggested by the simulation. A comparison snapshot sequence for
the pot and the colander is shown in Figures 5.10 and 5.11.
In TABLES 5.1 and 5.2 some numerical results of the simulations are
summarized. Specifically, in TABLE 5.1, for every object we list: (i)
successful postures, the number of palm frame configurations bringing to
a stable grasp, (ii) successful points, the number of unique origin positions
of the hand frame with possibly multiple orientations, (iii) clouds, number
of neighbourhoods investigated, (iv) best cloud, maximum number of
successful grasps in a cloud. As we can see, the best result in terms of
number of grasp achieved, as well as in terms of individual successful
points, is obtained for the pot. However, the best cloud is found for the
plate.
In TABLE 5.2, some simple quality indices are listed. In particular,
the cloud quality (CQ) index reports the highest percentage of stable
grasps achieved in the tested clouds. The CQ index is computed as
CQ =
gb
cb
100, (5.3)
where gb is the number of stable grasp achieved and the cb is the number
of hand palm configurations tested, both considered for the best cloud.
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successful
postures
successful
points
clouds
best
cloud
Cup 30 13 8 10
Pot 138 41 16 35
Colander 21 6 2 14
Plate 112 29 10 37
Table 5.1: Simulation results: (i) number of initial postures leading to a successful
grasp, (ii) number of successful individual starting points for the hand placement,
(iii) number of clouds studied and (iv) maximum number of successful configurations
found in a cloud (best cloud).
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CQ Index
%
Closure Index
(min-max)%
Net Force
(N)
Cup 11.3 40-73 1-57
Pot 39.7 48-68 2-36
Colander 15.9 54-67 11-52
Plate 42.1 57-69 6-28
Table 5.2: Simulation results and quality measures. Cloud Quality (CQ) index is the
percentage of stable grasp achieved, with respect to the number of postures
attempted, in the best cloud. Closure index (CI) is how much the hand is near to the
complete closure configuration, minimum and maximum values found for all the
successful grasps are reported. Net Force (NF) measures the amount of contact forces
exceeding the weight of the object (minimum and maximum).
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The closure index (CI) is a measure of how much the hand is closed at
the end of the simulation. In TABLE 5.2 the minimum and maximum
values found for each object are shown. This index is computed as
CI =
100
nqc
nqc∑
i=1
qfi
qci
, (5.4)
where qfi is the final configuration of the i
th joint during the grasp, qci is
the maximum reachable value allowed by the mechanical constraints for
the ith joint, and nqc in the number of flex-extension joints.
The Net Force (NF) is a measure of the amount of internal forces
produced in the grasp by the finger limbs. It is computed as
NF =
(
c∑
i=1
fTcifci − wTo wo
) 1
2
, (5.5)
where c is the number of contact points, fci is the force at the i
th contact
point, and wo is the weight of the grasped object.
As it is evident from table 5.2, the best cloud quality (CQ) index is
achieved for the plate. However, also high values of closure index are
realized when grasping the plate. This result can be explained by taking
into account that all the tests were performed with the same torque vs
time motor curve. In same cases, especially for the plate, results show
that the amount of motor torque is enough to overcome the friction and
to bring the hand in a closure configuration.
The greatest amount of the NF index, is realized to grasp the colan-
der. The explanation for this result is, again, an excessive level of motor
torque, in particular with respect to the low weight of the object. The
relevant difference between the minimum and the maximum value of the
NF index for all the objects can be explained considering that the palm
force is not measured in the simulator. This implies that high values of
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Figure 5.7: Sketches of the free closure movement of the Pisa/IIT SoftHand in
ADAMS simulation. Since there is neither object nor environment, the movement of
the hand is described by the synergistic model of actuation described in eq. (5.1).
the NF index correspond to grasps in which the interaction forces are
primarily executed by the fingers, low values correspond to grasps that
mainly involve the palm.
Generally speaking, the not excellent results of the colander (just 2
clouds and 21 successful configurations) can be explained with the diffi-
culty of randomly selecting points near to the upper edge or the handles.
Moreover, the meshes of the objects, obtained from CAD files, are char-
acterized by the presence of (nominally) normal vectors that, indeed, are
not orthogonal to the object surface. In some cases, an hand/object
interpenetration can occur, caused by a palm normal orientation not or-
thogonal to the object surface, and the selected point (potentially good)
is discarded. For similar reasons, we can consider the cup and the pot as
being penalized. Potentially, more points could be have been found on
their handle having a better representation of the mesh points and of the
normal vectors to the surface.
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(a) (b)
(c) (d)
Figure 5.8: Examples of stable grasp achieved with the ADAMS simulations. Using
the same control command to close the hand, the final joint configuration is
determined by the object shape.
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(a) (b)
(c) (d)
Figure 5.9: MATLAB representation of grasping attempt results for the cup. Red
points correspond to palm configuration that did not bring to a stable grasp. Green
points correspond to successful hand configurations. Figure (b) shows the results for
the first 50 points, Figure (c) shows the results for all the points tested. Figure (d)
shows only successful configurations.
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Figure 5.10: A snapshot sequence for the pot, comparing the simulation results and
the experiment performed with the Pisa/IIT SoftHand prototype.
58
5.5 Simulation Results Grasp Planning for Soft Hands
Figure 5.11: A snapshot sequence for the colander, comparing the simulation results
and the experiment performed with the Pisa/IIT SoftHand prototype.
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Figure 5.12: A possible application of the analysis tool: the top four panels show some
grasps that were found in simulation, and the bottom four panels show the same
grasps implemented in the SoftHand attached to a KUKA lightweight robot.
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Conclusions
Given the new tendency of roboticists to go from rigid structures to com-
pliant mechanism for robots, this thesis moves in the direction of including
and exploiting compliance to plan motions particularly for robot manip-
ulation task. In this thesis I showed that if we start from the considera-
tions that robots are soft, motion planning for manipulation systems can
be solved efficiently with simple approaches.
In this thesis I presented an integrated approach for motion planning
and control of closed kinematic chains (given by the robot interaction
with the environment or by the mechanism itself). The method consists
in two parts, the first consist in planning a path replacing the lower–
dimensional constrained manifold with a narrow boundary layer with the
same dimension of the configuration space of the mechanism. RRT* algo-
rithm together with an adaptive k-d tree is performed in the mentioned
boundary layer. The output of the first stage is a path which violates the
constraint less than an  parameter. This parameter is associated to inter-
nal forces thanks to a model of compliance considered for the interactions
of the robot and the environment. The introduction of the compliance in
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the planning enable the algorithm to avoid projections during planning
phase. Internal forces are then filtered in the second stage which consist
on a geometric control algorithm, specifically noninteracting controller,
applied to a linearized model of the system to regulate forces. The final
output of the presented approach is a motion trajectory for the mech-
anisms as well as the control inputs which can be applied in the real
robot.
Even when I showed that with simple algorithms it is possible to solve
complex problems if compliance is considered, a lot of work can be done
to extend this work. For example for motion planning of closed kinematic
chains, a comparison of different algorithms to generate random samples
in the boundary layer can be implemented. Existing approaches can be
also considered to evaluate how they behave using larger  parameter
during constrain violations. In the case of the controller used to filter the
planned paths, we can consider the extension of the approach to the non
linear case to avoid multiple linearizations.
This thesis also moves a first step in the direction of studying grasp
planning for simple soft hands, imbued with the capabilities of comply
with the manipulated object within, and together with, the environment.
Some considerations extracted from the observation of humans to execute
simple and more complex tasks, using both their hands and an arm-
mounted robot hand, led us to suggest a possible change of paradigm in
grasp planning that this setting brings about. I presented a procedure
to extract grasp affordances for the Pisa/IIT SoftHand, built upon a
physically accurate numerical simulations system that was purportedly
implemented. This allowed to select a set of possible grasps that were then
successfully tested in an experimental scenario. Despite this early results,
much work remains to be done to sharpen the grasp search and to abstract
learned grasps between different objects. Although the reported results
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only scratch the surface of the wholly new problem of soft manipulation
planning, however, our results indicate that soft manipulation can be a
viable solution for obtaining stable and robust robot grasps.
The grasping planning algorithm presented in this thesis reduced the
grasping planning algorithm from a 25 (CS of the hand) dimensional space
to a 6 dimensional space (the hand moving freely around the object)
with constraints in the orientation. The daring parading implementation
was possible with the development of the dynamic simulator where I
included interactions of the object and the environment. However, once
all interaction are considered, simulations can be slow. So it is necessary
to find new strategies to exploit environmental constraints before using
the simulator.
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